The predictability of high impact weather events on multiple time scales is a crucial issue 19 both in scientific and socio-economic terms. In this study, a statistical-dynamical downscaling 20 (SDD) approach is applied to an ensemble of decadal hindcasts obtained with the Max-21
positive anomalies in reanalysis data for this period. To evaluate both the skill of the decadal 29 predictability system and the added value of the downscaling approach, quantile verification 30 skill scores are calculated for both the MPI-ESM large-scale wind speeds and the SDD 31 simulated regional peak winds. Skill scores are predominantly positive for the decadal 32 predictability system, with the highest values for short lead times and for (peak) wind speeds 33 equal or above the 75 % quantile. This provides evidence that the analyzed hindcasts and the 34 downscaling technique are suitable for estimating wind and peak wind speeds over Central 35
Europe on decadal time scales. The skill scores for SDD simulated peak winds are slightly 36 lower than those for large-scale wind speeds. This behavior can be largely attributed to the 37 fact that peak winds are a proxy for gusts, and thus have a higher variability than wind speeds. 38
The introduced cost-efficient downscaling technique has the advantage of estimating not only 39 wind speeds but also estimates peak winds (a proxy for gusts) and can be easily applied to 40 large ensemble datasets like operational decadal prediction systems. 41
Introduction 45
The IPCC Fifth Assessment Report (IPCC, 2013) states that the last three decades have been 46 the warmest since 1850 on global average and for many regions of the globe. The long-term 47 8 et al., 2013) for the ocean component. This earth system model has already been used with a 143 different configuration for CMIP5 (MÜLLER et al., 2012) . In this study, the 2 nd generation 144 hindcasts (denoted "baseline1" within the MiKlip consortium) are considered. These 145 hindcasts and predictions are initialized yearly on 1 st January by nudging the model towards 146 atmospheric and oceanic fields from the reanalysis data. Each of those simulations is named 147 after its initialization time and covers a period of 10 years (e.g. dec1960 is valid from January In this study, the MPI-ESM-LR ensemble simulations of large-scale wind speeds are used as 163 predictor (explanatory variable) in the SDD (see section 3.1). These wind speeds are available 164 as 6-hourly output from MPI-ESM simulations on a 1.875 ° x 1.875 ° grid (T63). 165
ERA-Interim
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The ERA-Interim reanalysis data (DEE et al., 2011) from the ECMWF is considered for 167 several purposes: first, it is employed as large-scale forcing for the dynamical downscaling 168 (see section 2.3), and the resulting dataset is used to assess the predictive skill of the baseline1 169 hindcasts on the regional scale. Second, daily wind speeds serve as explanatory variables to 170 train the statistical-dynamical approach (see section 3). Wind speeds are considered instead 171 of wind gusts since the reanalysis or climate model datasets do not generally provide a wind 172 gust variable derived with a sophisticated gust parameterization (cf. discussion in ROCKEL 173 and WOTH, 2007; BORN et al., 2012) . This is also the case for the ERA-interim data (IFS 174 DOCUMENTATION CY40R1, 2013). Third, mean sea level pressure data is used as input for the 175 cyclone tracking method (see section 3.3). The ECMWF data has a horizontal resolution of 176 0.7 ° x 0.7 ° and is available in 6-hourly time steps from 1979 until present. For consistency 177 reasons, the ERA-Interim wind speeds are bilinearly interpolated to the target grid (MPI-178 ESM-LR) before the transfer function to the RCM data is built. 179
COSMO-CLM 180
The regional-scale wind gust speeds are simulated with the COSMO-CLM (RCM of the 181 COnsortium for Small-scale MOdelling in CLimate Mode version 4.8., hereafter CCLM 182 [ROCKEL et al., 2008] ). This dynamical downscaling (DD) approach uses ERA-Interim 183 reanalysis data as initial and boundary conditions for simulations with a horizontal resolution 184 of 25km x 25km (0.22 ° x 0.22 °). The simulation area covers Europe including most of the 185 East Atlantic sector. For the following investigations, we consider a section of this area 186 containing all grid points between 13 °W, 40 °E, 25 °N and 71 °N (Figure 1a) . 187
For the calculation of gusts, different parameterizations are available in the CCLM (BORN et 188 al., 2012) . In this study, we consider wind gusts estimated with the approach from the German 189
Weather Service (DWD), where gusts are computed at 10 m height using friction velocity as 190 estimator for turbulence (SCHULZ, 2008 
Methods 200
Estimation of a Transfer Function between Regional and Large Scale 201
To estimate a transfer function between regional-scale gust data and large-scale wind data, we 202 follow the statistical-dynamical downscaling (SDD) methodology introduced in HAAS and 203 PINTO (2012), which is based on multiple linear regression. In general, the SDD is trained by 204 linking daily maximum wind gusts simulated by the CCLM (regional scale) to ERA-Interim 205 reanalysis daily 10m wind speeds (large scale). Hence, the resulting values from the 206 application of the regression model can be seen as a proxy for wind gusts, but should not be 207 named wind gusts as they were obtained without using an explicit wind gust parameterization 208 like in the CCLM. Therefore, the downscaled wind values derived from the SDD approach 209 are hereafter referred to as peak wind speeds, and are a proxy for gust speeds. 210
As the transfer function is designed for an application on large-scale MPI-ESM-LR runs, 211 which are simulated on a different grid from that of ERA-Interim, the ERA-Interim data 212 where X is the matrix of large-scale predictors x ik and y is the vector of predictands y i . As 221 only the DD includes an explicit gust parameterization, the definitions "DD gust speeds" and 222 "SDD peak wind speeds" are used hereafter. 223 HAAS and PINTO (2012) demonstrated that the SDD methodology is capable of reproducing 224 DD footprints of extreme windstorms over Europe. Furthermore, a validation against 225 observations provided evidence that the skills of DD and SDD are similar. In section 4, we 226 test how the methodology performs when using not only extreme events but the whole 227 climatology. 228
Quantile Verification Skill Scores 229
In order to assess the benefit of the initialization of the hindcasts for decadal predictability, The same equation is used for the downscaled historical runs (hist,SDD) and hindcasts 257 (dec,SDD). A QVSS value of zero indicates that no added value is gained from initialization 258 with observed atmospheric and oceanic states. In case of a positive QVSS the skill of the 259 initialized hindcasts is higher than the skill of the uninitialized historical runs, meaning that 260 the initialization leads to an enhanced decadal predictability. 
Validation: estimated peak winds versus simulated gusts 273
In order to analyze whether the SDD approach is suitable to quantify the whole range of wind 274 speeds from which the peak wind speeds are recalculated, the estimated transfer function is 275 reapplied to the ERA-Interim data. The SDD transfer function is applied on each calendar day 276 14 between 1979 and 2010. The resulting peak wind speeds are then compared to the wind gust 277 speeds simulated by CCLM (DD). 278
The differences between DD gust speeds and SDD peak wind speeds (proxy for gusts) are 279 accumulated over the investigation period to calculate the RMSE shown in Figure 1b . At most 280 grid points, the RMSE ranges between 2 ms -1 and 3 ms -1 , with the lowest values over Eastern 281
Scandinavia. This leads to an overall RMSE of 2. The overestimation (underestimation) of low (high) wind quantiles by the SDD approach 302 leads to steeper cumulative density functions (CDFs) for the SDD values than those for the 303 DD gusts, yielding narrower probability density functions (PDFs). As an example, the CDFs 304
and PDFs for a grid point next to Cologne (Germany; 6.894547 °E, 50.88583 °N are fitted by 305 a Weibull distribution (Figure 3) . The figure also reveals that the PDF of the SDD values is 306 not only narrower, but also a bit skewed to the right: the range of gust speeds above the 307 median is wider than the one below the median. This explains the slight tendency to lower 308 SSD medians compared to DD medians (cf. Figure 2f) . 309
Such discrepancies are systematic, and they appear in both the initialized hindcasts and the 310 uninitialized historical runs. As our aim is to compare both simulations to assess the benefit of 311 the initialization for decadal predictability, the impact of the systematic bias on the computed 312 QVSS is assumed to be negligible. Therefore, the transfer function can be applied to the full 313 ensemble of MPI-ESM-LR without any adjustments. Nevertheless, for specific applications, 314 e.g. for an operational MiKlip prediction system, a bias correction might be appropriate to 315 rescale the peak wind speeds to the range of simulated wind gust speeds and/or observed wind 316 gusts in order to prevent under-or overestimations. 317 318
Application: Decadal hindcasts on global and regional scale 319
The aim of this section is to assess the decadal predictability of the 2 nd generation decadal 320 hindcast ensemble of the MPI-ESM-LR in terms of global and regional wind characteristics. 321
For this assessment, we first examine whether the hindcasts are able to capture (peak) wind 322 speed quantiles during the extraordinary stormy period 1990 -1993. Further, the predictive 323 skill of the initialized hindcasts compared to the historical uninitialized runs is determined for 324 different wind quantiles. The dependency of the skill on the forecast time, as well as the 325 spread within the MPI-ESM-LR ensemble is quantified. Most analyses are performed for both 326 MPI-ESM-LR large-scale wind speeds and SDD regional-scale peak wind speeds. 327
The early 1990s are characterized by winters with above-average storminess over Europe 328 The weaker predictive skill for later years after the initialization can be explained by an 363 increasing ensemble spread with increasing forecast time, quantified by the standard deviation 364 of the ten ensemble members. The corresponding standard deviations of the 10 realizations 365 are shown in Figure 5 for the years 1-4, 2-5 and 6-9. For all lead times, the standard deviation 366 and thus the spread of the ensemble is highest over the sea, probably caused by higher 367 offshore wind speeds. This is valid for both the large-scale MPI-ESM-LR wind speeds 368 hindcasts are closer to the reanalysis than the uninitialized historical runs and that the 388 initialization with realistic boundary conditions improves the predictive skill over Central 389 Europe, in particular for short lead times. This is valid for both MPI-ESM-LR wind speeds 390 and SDD regional-scale peak winds speeds. 391
The QVSS is subsequently determined for different quantiles of the SDD peak wind speeds. 392 This is shown in Figure 7 for year 1-4 after the initialization for the quantiles 5 %, 50 %, 393 75 %, 90 %, 98 %, and 99 %. For all quantiles equal or above 75 %, the spatial QVSS 394 patterns are quite similar, exhibiting the highest skills along a belt extending from the UK to 395 the Baltic Sea (Figure 7c-f) . Although a similar pattern is also observable for the 50 % 396 quantile (Figure 7b) , there are some negative values within the areas of positive QVSS. For 397 quantiles below 50 %, the structure of positive and negative skill scores is quite diffuse. A 398 very heterogeneous QVSS for example is found for the 5 % quantile (Figure 7a ), which 399 indicates that it is generally difficult to predict weak wind periods. While this is probably 400 associated with the large-scale weak pressure gradients during these periods, it is unclear why 401 the distribution of the QVSS for this percentile is quite patchy, with high values over e.g. 402
Central Europe and low values over Scandinavia. 403
The observed structure for the high quantiles over Northern and Central Europe corresponds 404 well to the climatology of cyclones per year determined from ERA-Interim, which shows a 405 North-South gradient over this area (green lines in Figure 7c ). This implies that the best 406 performance can be found for strong wind speeds associated with extratropical cyclones. 407
However, the agreement between cyclone activity and the QVSS is less tight for Southern 408
Europe. With increasing quantiles, the magnitude of the skill score decreases. Nevertheless, 409
for the highest quantile (99 %, Figure 7f ) QVSS is predominantly positive over land, which 410 means that the initialization provides an added value with respect to the decadal predictability. 411
Finally, the QVSS is determined for quantiles of spatially accumulated wind speeds. This is 412 done for all grid points within the investigation area ( Figure 1a) and within a smaller domain 413 including Germany and parts of its neighboring countries (see grey rectangle in Figure 6 ). 414 Table 1 summarizes the skill scores for large-scale wind speeds in the original MPI-ESM-LR 415 resolution. If only quantiles greater than or equal 50 % are considered, the highest skill scores 416 are obtained for the first year after initialization. For quantiles greater than or equal to 90 % 417 the skill scores typically decrease with increasing lead time. While this finding is valid for 418 both investigation areas, better values are found for the smaller area, which includes primarily 419 onshore areas. The results for all lead times and both regions indicate that the enhancement of 420 the decadal predictability by initialization of the hindcasts is highest for upper wind quantiles. 421
The results are less clear for the SDD simulated regional-scale peak wind speeds (Table 2) . 422
For high quantiles (90 % or higher) the skill scores are higher for the smaller domain than for 423 20 the large European sector across all lead times except for year 1 after the initialization. The 424 differences between the maxima of the QVSS of the MPI-ESM-LR wind speeds and of SDD 425 simulated peak winds may be induced by a stronger influence of the SDD underestimation of 426 the high quantiles on either the hindcasts or the historical runs. Tables 1 and 2 cannot be 427 directly compared as the first includes results of the large-scale wind speed quantiles, while 428 the second summarizes the regional-scale peak wind speed results. The generally lower skill 429 scores for the latter can be attributed to the higher variability of gust / peak wind speeds 430 compared to wind speeds (e.g. BORN et al., 2012; HAAS et al., 2014). Therefore, it is not 431 unexpected to find lower skill for regional scale peak winds than for global scale winds. 432
Nevertheless, the results clearly indicate an improvement of the predictive skill for both the 433 MPI-ESM-LR large-scale wind speeds and the SDD regional-scale peak wind speeds in the 434 initialized hindcasts compared to the uninitialized historical runs. Additionally to the 435 identified predictive skill of the MPI-ESM-LR wind speeds, the SDD allows for the 436 estimation of peak wind speeds as a proxy for gusts. 437 438
Summary and Conclusion 439
In this study, the decadal predictability of large-scale wind speeds from MPI-ESM-LR 440 hindcasts and of SDD simulated regional-scale peak wind speeds over Europe is evaluated. 441
The SDD model uses a linear transfer function to derive the peak wind speeds from large-442 scale MPI-ESM-LR wind speeds. The transfer function is trained with the ERA-Interim 443 reanalysis data and CCLM wind gust speeds. In HAAS and PINTO (2012) , this approach has 444 already been applied on a selection of severe windstorms. Here, we showed that the SDD 445 approach is also able to provide a good estimate for the complete range of peak wind speeds. 446 Still, the SDD shows an overestimation for the low quantiles and an underestimation for the 447 high quantiles, which leads to a narrower PDF of the peak wind speeds. 448
The period 1990 -1993 is characterized by a strong windstorm activity. In order to evaluate 449 the skill of our methodology, we have compared the 95 % quantiles of this period to the value 450 of the whole climatology (1979 -2005) . As already found for reanalysis data, the large-scale 451 The accumulated QVSS has been considered over two investigation areas (Europe versus 470 Germany) and confirms the above results, especially for the MPI-ESM-LR wind speeds. The 471 skill scores of the downscaled regional-scale peak wind speeds are generally smaller 472 compared to the MPI-ESM-LR wind speeds. These differences can be partially attributed to 473 the fact that peak wind speeds estimated by the SDD approach are a proxy for gust speeds, 474 which have a higher variability than wind speeds and are thus more difficult to predict (i.e. 475 smaller QVSS). Nevertheless, the added value is given before and after the downscaling when 476 considering the initialized hindcasts and predictions instead of the uninitialized historical runs. 477 This is the case particularly for quantiles equal and above 75 %. While providing an adequate method to obtain regional-scale peak winds from large-scale 493 wind speeds, the SDD method leads to overestimated low quantiles and underestimated high 494 quantiles. For further applications, a bias correction should be applied to adjust the peak wind 495 speed results towards realistic wind gust distributions. For this study, the over-and 496 underestimations were neglected, as they are systematic and concern the downscaling of all 497 datasets used for comparisons, i.e. the initialized and uninitialized simulations. Our analyses 498
MPI-ESM-LR
showed that the initialized runs are appropriate for decadal predictions of wind and peak wind 499 speeds. For predictions on the regional scale, our methodology is beneficial as it allows for 500 the estimation of peak wind speeds as a proxy for gusts. Furthermore, it enables to quantify 501 whether the probability of occurrence of strong wind events is above or below average for 502 specific periods (an example is shown for the period 1990 -1993 in this study). The proposed 503 cost-efficient downscaling technique is therefore adequate for an application to large 504 ensemble datasets and thus also for an implementation to operational decadal prediction 505 (MIKLIP-PRODEF, contract 01LP1120A). We thank the ECMWF for the ERA-Interim 511 Reanalysis dataset. We thank S. Ulbrich for help with the cyclone track data. Finally, we 512 thank two anonymous reviewers and the editors for their helpful and constructive comments. 513 514 Tables 664 Table 1: QVSS Tables 1 and   2 ).
